Proteins with amino acid homorepeats have the potential to be detrimental to cells and are often associated with human diseases. Why, then, are homorepeats prevalent in eukaryotic proteomes? In yeast, homorepeats are enriched in proteins that are essential and pleiotropic and that buffer environmental insults. The presence of homorepeats increases the functional versatility of proteins by mediating protein interactions and facilitating spatial organization in a repeat-dependent manner. During evolution, homorepeats are preferentially retained in proteins with stringent proteostasis, which might minimize repeat-associated detrimental effects such as unregulated phase separation and protein aggregation. Their presence facilitates rapid protein divergence through accumulation of amino acid substitutions, which often affect linear motifs and post-translational-modification sites. These substitutions may result in rewiring protein interaction and signaling networks. Thus, homorepeats are distinct modules that are often retained in stringently regulated proteins. Their presence facilitates rapid exploration of the genotypephenotype landscape of a population, thereby contributing to adaptation and fitness.
Repetitive sequences are an important source of genetic variation and are prevalent across all eukaryotic genomes. Amino acid homorepeats (HRs) of various lengths have been implicated in diverse human diseases (for example, abnormal polyglutamine (polyQ) expansion in huntingtin leads to Huntington's disease 1 ). HR-mediated pathogenicity can arise because of diverse molecular reasons. For instance, anomalous polyalanine (polyA) length in the transcription factor Foxl2 alters the protein's subcellular localization 2 , whereas abnormal polyQ length in the androgen receptor affects the protein's abundance and stability and its interactions in the cell [3] [4] [5] . Importantly, overexpression of wild type (WT) homorepeat-containing proteins (HRPs) such as ataxin-1 and androgen receptor with nonpathogenic HR lengths tends to phenotypically mimic the detrimental effects of HRPs with abnormally long HRs 4, 6 . This effect is primarily mediated by the potential of repeats to form aggregates and sequester soluble proteins into deposits, thus resulting in a loss of protein activity or gain of toxicity due to the aggregates 1, 7 .
Although homorepeats can have negative consequences, the presence of HRs can also be beneficial 8 . PolyQ in the fungal RNA-binding protein Whi3 is required for cell-cycle control, whereas polyA in the fly transcription factor Exd, polyserine in the human lysyl hydroxylase Jmdj6 and polyhistidine in diverse human transcription factors influence subcellular localization [9] [10] [11] [12] . Whereas polyQ and polyproline (polyP) have been linked to transcriptional activation, polyA in insect Hox-encoding genes aids in transcriptional repression 13, 14 . PolyQ length variation in White Collar-1 tunes the circadian rhythm in Neurospora 15 , and variation in the polyQ/polyA length ratio in the transcription factor Runx2 is linked to variations in canine skull morphology 16 . Thus, amino acid HRs can drive varied molecular effects, depending on their length and amino acid type, and the biochemical or molecular functions of the HR-containing proteins, thus ultimately leading to either detrimental or beneficial outcomes for organismal phenotypes 17 .
Amino acid HRs are prevalent in eukaryotic proteins and comprise ~15% of any eukaryotic proteome [18] [19] [20] (Supplementary Note 1) . Such HRPs are involved in a wide variety of functions including DNA and RNA binding, signaling and adhesion [19] [20] [21] . In this study, we investigated the following questions: Why are HRPs prevalent in eukaryotic proteomes, although altered expression or abnormal HR length is often detrimental? Why are HRs found in only certain proteins? If HRs are important, what benefits do they provide to an organism?
RESULTS

Analyses of budding yeast proteome
We carried out a comparative genomics study investigating multiple large-scale data sets, using budding yeast as a model organism. We first identified 805 yeast proteins with amino acid HRs encompassing at least one continuous stretch of five or more identical amino acids (Fig. 1a,b) . This cutoff was based on the observations that (i) the occurrence of stretches with five or more identical amino acids is statistically significant compared to randomized sequences with similar amino acid compositions (Fig. 1c) and (ii) the smallest HR length whose length variation is implicated in human diseases is five a r t i c l e s residues (polyaspartate (polyD), in the cartilage oligomeric complex protein COMP 22 ). HRPs in yeast are involved in vital regulatory processes such as transcriptional regulation and nucleic acid metabolism, similarly to HRPs in other organisms 19 (Fig. 1d) . Repeats of polar amino acids are prevalent in yeast HRPs (Fig. 1e) . Using multiple genome-scale data sets, we compared yeast HRPs with a set of 4,938 proteins lacking HRs (nonHRPs) for their phenotypes after perturbation, their adaptability to different environmental insults, and their regulatory and evolutionary properties (Supplementary Fig. 1 ). To ensure that the nonHRPs did not contain any repetitive sequences, we did not consider proteins with imperfect repeats (n = 650). To control for enrichments in the trends that were associated with HRPs, we also compared them to different groups of relevant nonHRPs, such as highly disordered proteins, proteins with similar functions, essential and highly pleiotropic proteins, length-matched proteins and proteins with nonrepetitive amino acid bias (discussed below and in Online Methods).
HRs are prevalent in essential and highly pleiotropic genes that buffer environmental perturbations Genes that are essential for growth in rich medium show an enrichment to contain HRs (Fig. 1f) , thus suggesting that HRPs are important for cell fitness. We constructed a yeast gene-to-phenotype (G2P) network consisting of 4,220 genes and 395 phenotypes describing growth (in normal conditions and after chemical insult) and morphological (organizational and cellular) features after genetic alteration (deletion and overexpression). HRPs were associated with a higher number of phenotypes than nonHRPs (Fig. 1g) , even after minimization of the redundancy in the G2P network by merging phenotypes sharing ≥50% of genes (Supplementary Fig. 2a) . Investigation of the fitness data showed that deletion of nonessential HRPs, compared with nonHRPs, made the cells sensitive to a higher number of chemical insults and stresses (Fig. 1h) . Therefore, HRs are prevalent in proteins whose presence tends to buffer environmental perturbations and chemical insults. Thus, proteins with HRs tend to be essential, to influence a Box plots of distributions of pleiotropic effects (g) and the number of small molecules that a gene confers resistance to (h), among HRPs and nonHRPs. The black line within the box represents the median, and the box limits represent the first and third quartiles. The notches correspond to ~95% confidence intervals for the median. Whiskers (dashed lines) show the data points up to 1.5× the interquartile range from the box. Values beyond the whiskers were considered outliers and are not shown to improve visualization. The effect size is indicated by the common language effect size (CLES), which describes the probability that a randomly sampled data point from a distribution A will be greater than a data point sampled from distribution B. n represents number of proteins in each class.
a r t i c l e s range of growth and morphological phenotypes (i.e., to be pleiotropic) and to confer adaptability to diverse environmental insults.
HRPs affect multiple biological processes through molecular interactions
To understand the molecular basis of the observed pleiotropy in proteins with HRs, we examined both genetic and biochemical interaction networks. HRPs tended to have a higher number of genetic and protein interactions (Fig. 2a) than nonHRPs, thus potentially explaining their influence on multiple phenotypes. A network analysis of link communities, which represent interconnected sets of genes that participate in similar biological processes 23 , revealed that proteins with HRs participated in more communities than nonHRPs (Fig. 2b) . Thus HRPs often connect diverse biological processes by acting as intercommunity hubs, as exemplified by the polyD-containing transcriptional regulator Spt5 (Fig. 2c) . These observations were consistent with the higher multifunctionality index of HRPs, as defined by the number of Gene Ontology (GO)
terms associated with each gene 24 (Fig. 2d) . These trends were not confounded by the extent of intrinsic protein disorder (Fig. 2e,f) , protein length ( Supplementary Fig. 2b ) or differences in biological functions between HRPs and nonHRPs ( Supplementary Fig. 2c ). Importantly, these trends were also stronger than those for proteins with nonrepetitive amino acid bias (Supplementary Fig. 2d ). HRPs were overrepresented among proteins with low solubility and those that formed intracellular phase-separated structures such as stress granules, P bodies and heritable proteins ( Fig. 3a-d) . These observations collectively suggested that HRPs tend to spatially organize protein-protein interactions within cells. Whereas HRPs had a comparable number of target genes in terms of the protein-DNA and protein-RNA interaction networks ( Supplementary Fig. 2e,f) , an analysis of the Gene Perturbation Network 25 revealed that deletion of HRP regulators, as compared with their nonHRP counterparts, affected expression of a larger number of targets (Fig. 3e) . Thus, proteins with HRs regulate a larger part of the genome and/or transcriptome than nonHRPs. Figure 1 . Statistical significance was assessed with Wilcoxon rank-sum tests with false discovery rate (FDR) correction for multiple testing. The proportion of intrinsic disorder in a protein can influence the propensity of proteins to interact with multiple partners and hence protein functionality 60 . To investigate the effect of protein disorder on the functional versatility of HRPs, we classified nonHRPs and HRPs on the basis of intrinsic disorder content, as those with (i) low disorder (≤30%) and (ii) high disorder (>30%) fractions, and drew comparisons. (e,f) Box plots of the distribution of the numbers of protein-protein interactions and link communities in the proteinprotein interaction network among HRPs and nonHRPs with low (e) and high (f) disorder content. Box plots are as in Figure 1 . Statistical significance was assessed with Wilcoxon rank-sum tests with FDR correction for multiple testing, and effect sizes are displayed as CLES. Irrespective of the extent of protein disorder, HRPs tend to have more interactions and participate in diverse processes. n represents number of proteins in each class.
a r t i c l e s
HRs might contribute to the trends observed in HRPs
To assess the roles and contributions of HRs to the observed trends, we computed likelihood ratios on the basis of conditional probabilities. We found that HRPs had higher likelihood ratios than nonHRPs (Supplementary Fig. 3 ). This result suggested that the presence of HRs might contribute to these features in HRPs and that the emergence of HRs within proteins might facilitate the acquisition of these features. To investigate this possibility, we examined paralog pairs that arose by gene duplication and studied divergent pairs, wherein one paralog contained the HR and the other did not (HRP-nonHRP pairs; Fig. 3f ). Among such paralog pairs, the paralog with an HR tended to have a higher number of (i) phenotypes, (ii) genetic and protein interactions and (iii) GO functions than did the paralog that did not contain an HR (Fig. 3f) . Thus, our observations collectively suggested that the presence of HRs is associated with, and may influence, a large number of phenotypes and biological processes. Compared with the length of the repeat, the type of amino acid repeat might have a greater influence on the molecular effects of HRs and on fitness (as suggested by likelihood-ratio estimates; Supplementary Figs. 3 and 4) .
PolyQ repeat in Snf5 affects fitness and confers adaptability to diverse environmental insults
To establish the endogenous roles of an amino acid homorepeat in a protein, we investigated a pleiotropic hub in the protein interaction network, Snf5, which is a core component of the Swi/Snf chromatin-remodeling complex and contains a polyQ HR. We generated a haploid mutant strain by deleting the longest stretch of HR in the protein (polyQ; amino acids 217-268; ∆HR) and compared it with the WT strain ( Fig. 4a) to ensure that SNF5 ∆HR was expressed from its endogenous promoter and was regulated in its natural context. We examined the effect of the HR on growth under two different carbon sources: glucose (yeast extract peptone dextrose (YPD) medium) and glycerol (yeast extract peptone glycerol (YPG) medium).
The ∆HR mutant displayed a minor delay in growth kinetics in YPD, whereas the delay was more pronounced in YPG (Fig. 4b) . Moreover, we observed an increase in the budding index ( Supplementary Fig. 5a ), a result indicating an increase in the doubling time. Thus, polyQ in Snf5 might influence growth rates by either directly or indirectly affecting the cell cycle. Deletion of polyQ did not affect the protein abundance (Fig. 4c) or subcellular localization of Snf5. However, the WT protein formed punctate structures, whereas the ∆HR protein tended to be diffuse (Fig. 4d) . This result was consistent with our genome-scale analysis ( Fig. 3a-d) and suggested that the polyQ in Snf5 is involved in forming protein assemblies in the cell that may facilitate protein-protein interactions.
To test this possibility, we experimentally determined the interactome of WT and ∆HR Snf5, in YPD and YPG by using affinity capture followed by mass spectrometry (Fig. 4e) . We identified a total of 146 interactions for WT Snf5, of which 130 had not been previously reported (Supplementary Data Set 1 and Supplementary Fig. 5b,c) . Because we detected all members of the Swi/Snf members in both strains and both growth conditions, polyQ in Snf5 does not appear Fig. 5d ). These polyQ-dependent interactions involved proteins (11) Transport (9) Metabolism (13) Response to stimulus (4) Cellular-component biogenesis and organization (11) Transcription (12) Chromatin remodeling (12) Cell cycle (10) DNA repair (6) Unknown ( Figure 1 . Statistical significance was assessed with Fisher's exact tests with multiple testing correction, and effect sizes are displayed as odds ratios. In n, the odds ratio was estimated for the presence of more than one degradation signal.
a r t i c l e s
with diverse functions such as chromatin remodeling, transcription, cell-cycle control and DNA repair (Fig. 4e) . Therefore, Snf5 might influence different cellular processes through its polyQ-dependent interactions with the different complexes and proteins in the cell (Supplementary Note 2) . In other words, the repeat-dependent membership of Snf5 in different assemblies might provide distinct molecular contexts (for example, transcription, DNA repair and cell-cycle control) for realizing the biochemical function and activity of Snf5.
In line with this possibility, and in agreement with the loss of interactions with members of other chromatin-remodeling complexes and transcription factors, deletion of polyQ in Snf5 resulted in a global decrease in active histone marks such as trimethylated K4 and acetylated K27 in histone H3 (Fig. 4f) . A number of known Snf5 targets display significantly altered expression levels between WT and ∆HR in both carbon sources, with more pronounced effects in YPG (Fig. 4g) . The WT strains were able to grow after exposure to UV or in the presence of hydroxyurea, but the ∆HR mutants were susceptible in both conditions (Fig. 4h) , thus suggesting that polyQ in Snf5 confers adaptability and fitness in response to genotoxic insult.
Thus, the presence of polyQ expands the functional versatility of Snf5 beyond that of the Snf5 domain, by facilitating interactions with proteins from diverse biological processes in a polyQ-dependent manner (Fig. 4i) . In this way, the polyQ HR within Snf5 influences different phenotypes and determines fitness and adaptability in diverse environments.
The activity of HRPs is highly regulated in cells
Given the functional versatility, pleiotropic effects and the ability of proteins with HRs to spatially organize proteomes, we investigated how the activity of HRPs is regulated in cells. Protein activity can be regulated by (i) controlling steady-state abundance (coarse tuning) and/or (ii) altering chemical states by post-translational modifications (PTMs; fine-tuning). Proteins with HRs were generally less abundant, had lower synthesis rates and were turned over more rapidly than nonHRPs (Fig. 5a-c) . Such differences collectively affected the abundance and the amount of time that HRPs spent in the cell. Importantly, this stringent control of HRPs was more pronounced than that of highly disordered nonHRPs and nonHRPs with nonrepetitive amino acid bias, as discerned from synthesis and degradation rates (Supplementary Fig. 6a-c) . Such a tight regulation is critical for fitness, because overexpression of HRPs is more often toxic (Supplementary Fig. 6d) .
Transcripts of HRPs were found to be enriched for shorter polyA tails and have more complex 5′-untranslated-region structures (Fig. 5d,e) , both of which decrease translation-initiation rates 26, 27 . They more often have secondary structures in the coding region ( Fig. 5f ) and contain suboptimal codons, even after accounting for the codon ramp (Fig. 5g) . These features might slow both translation elongation and global translation efficiency 28, 29 . At the protein level, HRPs tend to be more enriched than nonHRPs in high disorder content (Fig. 5h) , long disordered segments at the N terminus and internal regions (Fig. 5i,j) , and putative PEST, D-box and KEN-box motifs (Fig. 5k-m) , all of which facilitate rapid protein turnover [30] [31] [32] [33] [34] . The presence of more than one molecular feature within HRPs (Fig. 5n) suggested that their activity may be regulated through rapid degradation in diverse conditions by different mechanisms. The ability to more stringently regulate the abundance of HRPs can control the equilibrium between the soluble and phase-separated structures, and ensure that the spatially organized proteome remains dynamic and under control 32, 35 .
In terms of fine-tuning protein activity, HRPs were found to have more PTMs (Supplementary Fig. 6e ) than nonHRPs, thus suggesting that they are regulated by a variety of signaling proteins that may be active in different conditions. The distribution of PTM sites indicated that they occur within and immediately around homorepeats (Supplementary Fig. 6f ). These PTMs might act as interaction switches and determine the membership of HRPs among specific complexes 36 . Diverse PTMs, such as phosphorylation and acetylation, not only promote protein 
a r t i c l e s
Although the reported trends may be applicable to a large number of HRPs, they are unlikely to apply to every single HRP. Nevertheless, features such as pleiotropic effects, adaptability, functional versatility and proteostasis can collectively differentiate HRPs and nonHRPs through an approach based on random-forest machine learning (Supplementary Fig. 7 ).
Stringent proteostasis is prerequisite for HR retention during evolution
During evolution, has the emergence of HRs in proteins led to their stringent proteostasis, or have HRs been retained in proteins that are already stringently regulated? By comparing groups of nonHRPs that do or do not have HRP paralogs (Fig. 6a) , we found that nonHRPs with HRP paralogs were low in abundance, had slower translational rates and displayed shorter half-lives (Fig. 6b-d) than those of the group of nonHRPs that did not have HRP paralogs. This result suggested that although HRs may emerge in any protein, they might be preferentially retained in proteins that are already stringently regulated.
We then investigated the one-to-one orthologs of Saccharomyces cerevisiae in Schizosaccharomyces pombe (estimated divergence time of ~700 million years). We classified the nonHRP orthologs of S. pombe (pnonHRPs) according to those that are still nonHRPs in S. cerevisiae (pnonHRP-cnonHRP) and those that have HRs in S. cerevisiae (pnonHRP-cHRP; Fig. 6e ) and compared their regulatory properties. The pnonHRP-cHRP orthologs, compared with the pnonHRP-cnonHRP orthologs in S. pombe, were significantly less abundant and had lower translational rates (Fig. 6f,g) . However, the half-lives were comparable (Fig. 6h) . This result suggested that during evolution, HRs were probably retained in already stringently regulated proteins. This possibility is consistent with the idea that preexisting proteins that are stringently regulated are better poised to tolerate the emergence of HRs, because their regulation readily minimizes their negative effects (for example, uncontrolled aggregation, thus leading to protein sequestration and loss of function). This possibility may also explain why the presence of HRs is tolerated in only certain proteins.
HR-containing proteins diverge rapidly across different timescales
HR-containing proteins were more represented among paralogs (gene duplicates) than among protogenes, which originate de novo (Fig. 7a) . This result was in line with the observation that HRs tend to be retained in preexisting genes that are under stringent proteostasis. To investigate whether HR-containing proteins evolve differently from those without an HR, we computed the sequence identity of one-to-one orthologs of yeast HRPs and nonHRPs across different evolutionary timescales (74 fungal species; ~1 billion years of evolutionary distance; Supplementary Note 3). Only the alignable regions were considered, and gaps were not considered (Fig. 7b) . S. cerevisiae HRPs, compared with nonHRPs, showed lower sequence identity among their corresponding orthologs across almost all the fungal species (Fig. 7c,d) , thus suggesting that HRPs diverged faster than nonHRPs across species. The average median difference between nonHRPs and HRPs was 4.6%, which corresponded to substitutions of ~14 amino acids for a protein 300 amino acids long. The saturation effect (in which same position can be mutated several times, given sufficient evolutionary time) resulting from the several variable sites may be one of the reasons for the linear shift observed in the rate of change of sequence identity of HRPs compared with nonHRPs over long evolutionary timescales (Fig. 7d) . To investigate whether HRs contribute to the rapid divergence of HRPs, we first identified S. cerevisiae proteins that acquired an HR at two different time points: from the time of speciation from the common ancestor of S. cerevisiae and (i) Eremothecium gossypii (~180 Ma) or (ii) Yarrowia lipolytica (~300 Ma), using S. pombe as an outgroup. In both situations, orthologs that acquired HRs in S. cerevisiae diverged more than those that did not acquire an HR (Fig. 7e) . Similarly, paralogs that acquired an HR diverged faster than their nonHRP counterparts (Supplementary Fig. 8a ). These results suggested that the presence of HRs is associated with and may drive the rapid divergence of HR-containing proteins.
At shorter timescales of divergence (approximately thousands of years), among the 39 different strains of S. cerevisiae the regions around HRs tended to accumulate more amino acid substitutions than did the rest of the protein (Fig. 7f) , although the density of such substitutions between HRPs and nonHRPs over the entire protein was comparable. This observation supported the emerging view that substitutions are more frequently found in and around repeat-containing regions in the genome [43] [44] [45] [46] and highlighted the potential effects of HRs in proteome evolution. Collectively, these findings suggested that HR-containing proteins tend to acquire more amino acid substitutions and evolve rapidly, irrespective of the timescale considered.
HR-associated variation might rewire interactions and facilitate rapid adaptation
To assess whether the HR-associated substitutions affect functional sites in a protein, we integrated the amino acid-substitution data a r t i c l e s for the different the yeast strains with functional site information. Compared with nonHRPs, amino acid substitutions within HRPs more often map to putative linear motifs and PTM sites that mediate protein-peptide interactions (Fig. 8a,b) . HRPs with substitutions in these functionally relevant sites have higher numbers of interactions and link communities in the protein interaction network, compared with nonHRPs that also have substitutions in such sites (Fig. 8c,d ).
The differences remained significant even after controlling for the number of protein interactions or the density of linear-motif residues or PTM sites ( Supplementary Fig. 8b-e) . Furthermore, the Figure 9 Constraints, consequences and implications of the emergence of homorepeats in proteins. Top, stringent proteostasis facilitates retention of HRs in proteins, thus favoring HR-specific benefits on fitness and alleviating negative effects on fitness, at different timescales. Bottom, how HRPs facilitate evolvability and adaptability at different timescales through homorepeat-dependent nongenetic and genetic effects.
a r t i c l e s conditional probability of finding (i) amino acid substitutions and (ii) those that affect functionally relevant sites was higher in polypeptide segments containing HRs than that of finding an HR in polypeptide segments with amino acid substitutions (Online Methods and Supplementary Fig. 8f,g ). These observations collectively suggested that HR-associated variation has the potential to alter protein interaction networks and rewire the targets of signaling pathways. Thus, HRs act as distinct modules that increase the genetic diversity of a population (i.e., standing genetic variation) by affecting functionally relevant sites around an HR in key proteins. A more detailed investigation of essential and highly pleiotropic HRPs revealed that they might form a rapidly evolvable part of the proteome (Supplementary Figs. 9 and 10) . Thus, HR-associated variation of pleiotropic and critical hub proteins among individuals in a population may facilitate the adaptation of an organism to diverse environments by permitting the rapid exploration of the genotypephenotype landscape.
DISCUSSION
From a biochemical and cell biological perspective, our observations revealed that the presence of HRs has the potential to increase the functional versatility of proteins by facilitating repeat-dependent interactions and their spatial organization in cells by forming assemblies. From a genetics and evolutionary perspective, HRs facilitate rapid protein divergence, might rewire interactions and favor the emergence of standing genetic variation upon which selection could operate. The emergence of homorepeats in a protein can have both positive and negative consequences at different timescales (Fig. 9) .
Our findings showed that HRs are often present in proteins that influence diverse phenotypes and buffer environmental insults. The existence of repeat-dependent interactions highlights an underappreciated component of protein interaction networks and opens up new directions for future research in the area of repeat edgetics, which is similar to the concept of single-amino acid edgetics 47 . HR-dependent interactions can provide new molecular contexts for a protein at different times and in different conditions in which the biochemical function of the HRP can be realized in a spatially localized and regulated manner in a cell. However, in certain situations such as altered protein abundance or abnormal repeat-length variation, the high interaction potential of HRs can lead to negative consequences such as sequestration of other proteins via nonfunctional promiscuous interactions and protein aggregation 48 .
At longer timescales, the presence of HRs leads to rapid divergence of proteins due to variations in repeat length 8 and the accumulation of more amino acid substitutions. Diverse mechanisms such as recurrent repair after replication stalling at nucleotide repeats, unequal crossing-over after recombination, transcriptioncoupled repair and the higher error rates of nonreplicative DNA polymerases that are recruited at such sites during repair might all collectively contribute to nucleotide-repeat-induced mutagenesis and lead to the rapid sequence divergence of HRPs 43, 46, [49] [50] [51] [52] . In addition, the lower expression levels of HRPs might also influence the rapid evolutionary rate of these proteins 53 . The association of homorepeats with disordered regions might also influence the rate of divergence. Detailed analysis of the nature of amino acid substitutions may help to uncouple the influence of disordered regions and homorepeats on the rapid divergence of proteins with HRs. Thus, the presence of an HR results in standing genetic variation of a population. Although a deleterious consequence of the HR-associated amino acid substitution might be detrimental for an individual, it does not affect the entire population. However, if one of the individuals carrying a specific HR-associated mutation has better fitness when environments change, that specific mutation may be positively selected and benefit the species. Thus, HRs can be considered as evolutionary modules that confer evolvability and adaptability to organisms in a population.
The beneficial effects of HRPs raise the evolutionary conundrum of why their presence is restricted to certain proteins. Our results suggested that HRs tend to be retained in proteins whose abundance and activity are under stringent control, possibly to minimize HRassociated deleterious effects such as the sequestration of proteins through nonfunctional promiscuous interactions and protein aggregation. Hence, stringent proteostasis might be a requirement for the tolerance of HRs in a protein.
HRs in a protein might facilitate adaptability at different timescales (Fig. 9) . At shorter timescales, HRPs facilitate adaptability through nongenetic mechanisms. For instance, they facilitate formation of assemblies, such as stress granules, that permit adaptation under diverse conditions 54 . They also act as heritable proteins 55 and contribute to transgenerational adaptability by forming physical entities that encode molecular memory, as in the case of polyQ/polyasparagine-containing mnemons of yeast Whi3p 56 . At longer timescales, they might facilitate adaptability through genetic mechanisms. Recently, we have shown that HR length variation in transcription factors facilitates adaptation through rapid expression divergence of their targets 41 . Here, we found that HR-associated amino acid substitutions more often affect linear motifs and PTMs. Such variation might fuel the evolution of interaction sites and permit rapid evolution of new substrates for kinases or modifying enzymes of signaling pathways. Thus, the presence of an HR might lead to the rewiring of molecular networks such as signaling (through PTM-site variation) and domain-peptide interaction networks (through linear-motif variation) 57, 58 . In this manner, HRPs can generate genotypic and phenotypic diversity and facilitate organismal adaptation to new environmental niches.
Although we reported general trends for proteins with HRs, and provided experimental validation for specific cases, every trend observed here might not be applicable to all proteins with homorepeats. Furthermore, in addition to the effects of repeats at the protein level (i.e., the proteome), HRs may also have various consequences at the nucleic acid level (i.e., the genome and transcriptome). Although the distribution of the type and length of HRs varies across eukaryotes, our findings in yeast provide important insights for understanding their relevance in other species including humans.
The current understanding of the role of proteostasis in conferring robustness and evolvability primarily focuses on molecular chaperones, such as Hsp90, involved in protein folding and enabling accumulation of cryptic variation in a population 59 . The findings presented here suggest the existence of another strategy wherein stringent proteostasis facilitates the retention of homorepeats, thus leading to rapid protein divergence that may drive the rewiring of interaction networks and signaling pathways. Given that HRPs are more prevalent among paralogs (i.e., gene duplicates), the genetic redundancy coupled with the rapid mutation accumulation of HRPs may provide a 'low risk-high gain' scenario for accelerating evolution and adaptation to diverse environments. The synergy among stringent proteostasis, increased evolvability and functional versatility make HRPs important for fitness and crucial contributors to the functioning of cells.a r t i c l e s METHODS Methods, including statements of data availability and any associated accession codes and references, are available in the online version of the paper. 
ONLINE METHODS
Classification of the yeast proteome. This analysis was based on the following seven parameters.
The presence of homorepeats. Yeast proteins were classified as HRPs if they contained at least one continuous stretch of five or more identical amino acids. NonHRPs were used as the control group for all genome-scale comparisons. To ensure that we used the most appropriate control set, we disregarded all nonHRPs that contained imperfect repeats (n = 650). Imperfect repeats included all repeats of unit sizes two and longer, with similarity scores of 70% or higher between repeating units. These were identified with TREKS 62 . A compendium of different genome-scale data sets analyzed in this study is provided in Supplementary Table 1 .
Disorder fraction. The disorder status of every residue in the yeast proteome was inferred with DISOPRED2 (ref. 63) , and the disorder content was averaged over the entire protein length and assigned as the disorder fraction of a protein.
Repeats are known to overlap with disordered regions 64 . To examine whether protein disorder confounded our observations on the functional attributes and proteostasis of HRPs, we compared distributions of diverse features of HRPs with low (≤30%) and high intrinsic disorder (>30%) with nonHRPs with similar intrinsic disorder content (Fig. 2e,f and Supplementary Figs. 6 and 7) .
Protein length. To examine whether the functional attributes of HRPs were independent of protein length, we selected HRPs and nonHRPs with similar lengths and compared distributions of connectivity in the protein interaction network and the number of link communities in which each protein participated (Supplementary Fig. 2b) .
Nonrepetitive amino acid bias. We compared the distributions of different features among HRPs and nonHRPs containing nonrepetitive amino acid bias (Supplementary Figs. 2d and 6) to investigate whether the observed trends for physiological importance, functional versatility and stringent proteostasis were similar between these two groups. Sequences with compositional amino acid bias in nonHRPs were identified in LPS-annotate with default parameters 65, 66 but with a stringent detection P-value cutoff of <1 × 10 −7 (approximately twice the default detection threshold).
Functional similarity. To rule out the confounding effects of differences in the functional versatility of HRPs resulting from the differences in biological functions between HRPs and nonHRPs, we randomly selected nonHRPs with biological functions similar to those of HRPs and drew comparisons. We first assigned GO biological processes to HRPs through GOSlim annotation retrieved from The Saccharomyces Genome Database (SGD) 67 . Approximately 97 GO terms were assigned to HRPs. For each GO term, we counted the number of HRPs. We then obtained, at random, equivalent numbers of nonHRPs for each GO term and compiled them into a single list of functionally similar nonHRPs. We compared the differences in distributions for the number of protein-protein interactions, genetic interactions, link communities in protein-protein-interaction networks and genetic networks between the two sets of functionally similar groups of HRPs and nonHRPs, for each of the 100 randomizations (Supplementary Fig. 2c) .
Essentiality for growth. To examine whether the physiological and functional effects, regulation and evolution of HRPs were influenced by HRP enrichment in essential genes, we compared the distributions of different features between essential HRPs and essential nonHRPs (Supplementary Fig. 9) .
High pleiotropy. We classified yeast proteins into those with low, medium and high pleiotropic effects, on the basis of the number of phenotypes to which they were linked in the yeast G2P network, by using tertile cutoffs. To examine whether high pleiotropic effects of HRPs influenced the physiological and functional effects, regulation and evolution of HRPs, we compared the distributions of different features between highly pleiotropic HRPs and highly pleiotropic nonHRPs (Supplementary Fig. 10 ).
Classification of yeast paralogs. Paralog protein pairs were identified as described in Supplementary Table 1 . On the basis of the presence or absence of homorepeats, paralog pairs were classified as similar pairs, in which both the paralogs lacked HRs (nonHRP-nonHRP) or as divergent pairs, in which one paralog contained the HR and the other did not (HRP-nonHRP). To examine whether the emergence of HRs within a protein facilitated the acquisition of physiological and functional attributes of HRPs, we compared members of divergent pairs (Fig. 3f) . To test whether HRs emerged in proteins that were already stringently regulated during evolution, we compared nonHRPs of similar pairs with nonHRPs belonging to divergent pairs (Fig. 6a-d) . To test whether HRs facilitated rapid evolvability, we tested for differences in the distribution of sequence identities among similar (nonHRP-nonHRP) and divergent (HRP-nonHRP) paralog pairs (Supplementary Fig. 8a ).
Classification of yeast proteins and their orthologs.
One-to-one orthologs of yeast proteins across different fungal proteomes were obtained from OMA browser 68 (Supplementary Table 1) . To test whether, during evolution, HRs have tended to emerge and be retained in already stringently regulated proteins across species, we classified S. pombe nonHRP (pnonHRP) orthologs of S. cerevisiae proteins into those whose S. cerevisiae orthologs have not acquired HRs (pnonHRP-cnonHRP) and those that have acquired HRs (pnonHRPcHRP). Protein-regulatory features measured in S. pombe were compared for these two classes of pnonHRPs (Fig. 6e-h) .
To test whether HRs facilitate rapid divergence of HRPs across evolutionary timescales, we identified S. cerevisiae proteins that (i) acquired an HR from the time of the common ancestor of S. cerevisiae and E. gossypii (~180 Ma), and that of S. cerevisiae and Y. lipolytica (~300 Ma), by using S. pombe as the outgroup and (ii) did not acquire an HR. We then compared the distribution of protein sequence identity between these two groups (Fig. 7e) .
Gene Ontology enrichment analysis. GO biological-process enrichment among HRPs, essential HRPs and nonHRPs, highly pleiotropic HRPs and nonHRPs was obtained with the DAVID server 69 . FDR values, corrected for multiple testing, highlighted the significance of the enrichment of the GO terms.
Calculation of sequence identity. We obtained one-to-one orthologs of yeast proteins in 74 fungal species from OMA browser 68 . For each pairwise alignment, we computed the percentage sequence identity with the Biostrings package in R by considering only the aligned regions, ignoring gaps, to ensure that gaps arising from the emergence of repeats did not confound the calculation of sequence identity.
Statistical analysis for genome-level computational investigations.
Differences in the distribution of continuous variables among different classes of proteins were assessed with the nonparametric Wilcoxon rank-sum test or Wilcoxon matched-pairs test, as appropriate. Medians and confidence intervals (CI = 1.58(IQR/√n), where IQR is the interquartile range, and n is the sample size of each group) were computed. Median differences between the compared groups and CLES 70 were calculated as estimates of the effect size. CLES describes the probability that a randomly sampled data point from a distribution A, will be greater than a data point sampled from distribution B and was computed as previously described 71 . Briefly, on the basis of the recommendation from ref. 72 , we first computed the U statistic:
where W is the Wilcoxon test statistic, and n s is the smaller of n a and n b (the sample size of each data set). CLES is then given by:
For comparisons done with Wilcoxon matched-pairs tests (Fig. 3f) , Z scores were estimated with the R coin package. Differences in distributions of categorical variables were tested with Fisher's exact test or chi-squared test. Effect sizes were estimated with odds ratios. Enrichment of HRPs in different classes of proteins (for example, stress-granule proteins) was assessed with permutation tests. In each permutation, every HRP was replaced with a random gene. The number of such randomly obtained genes that overlapped with a specific class of proteins was noted for 10,000 randomizations. From this result, we estimated the Z score, which indicates the distance of the actual observation to the mean of random expectations in terms of the number of standard deviations. P values were estimated as the ratios of the randomly observed proteins greater than or equal to the number of actually observed HRPs to the total number of random samples (10,000). The null expectation of the homorepeats of five or more amino acids in the yeast proteome, Z score and P value was obtained by permutation tests with 1,000 shuffled proteomes by shuffling each protein for sequence order, keeping the length and amino acid composition constant. Tests for association between the length of the homorepeats and different features were done with Pearson's correlation. The extent and the type (positive/negative) of correlation were estimated with Pearson's correlation coefficients. Correction for multiple testing was done with the Benjamini-Hochberg method (FDR) to control for the FDR for comparisons between similar classes (such as HRPs versus nonHRPs), by using the same test (such as Wilcoxon rank-sum test or Fisher's exact test) but different data sets pertaining to similar biological attributes such as physiological and functional relevance and proteostasis (Supplementary Table 1) .
For Bayesian inferences, features were classified as either categorical (for example, essentiality) or quantitative (for example, number of phenotypes per gene) depending on the data type (Supplementary Fig. 3) . On the basis of tertile cutoffs, quantitative features were classified into three bins as low, medium or high. For features for which HRPs had significantly higher values than nonHRPs (for example, number of phenotypes per gene) we selected the 'high' bin, whereas for features in which HRPs had significantly lower values than nonHRPs (for example, protein abundance) we selected the 'low' bin. Conditional probabilities for finding a feature given that the protein contained an HR, and for finding a protein with an HR given a specific feature, were estimated. On the basis of the conditional probabilities, we obtained likelihood ratio (LR) estimates as the ratio of the probability of finding a feature given that the protein contained an HR divided by the probability of finding a feature given that the protein did not contain an HR. All statistical analyses were performed in R.
The ability of the features associated with HRPs, pertaining to (i) pleiotropy (number of phenotypes per gene and essentiality), (ii) adaptability (resistance to small molecules), (iii) functional versatility (disorder fraction, number of proteinprotein interactions, number of link communities in the protein-protein interaction network and number of GO functions) and (iv) proteostasis (protein abundance, relative translational rate and protein half-life) to distinguish between HRPs and non-HRPs was assessed with a random forest (RF) model (details in legend of Supplementary Fig. 7) .
Trained models were evaluated on the basis of the test set, and performance summary metrics (precision, recall and F1 scores) were calculated. Precision reflects the ability of the classifier not to label a nonHRP as an HRP or vice versa and is computed as follows: F1 is the weighted harmonic mean of the precision and recall. Features were ranked by relative importance according to their mean decrease in impurity, weighted by the probability of reaching the associated node. Feature importance values were normalized to the maximum value. Modeling was performed with the scikit-learn Python library 73 . Because the disorder fraction was one of the important features that distinguished HRPs and nonHRPs, an additional RF model was trained to distinguish between HRPs (n = 611) and highly disordered proteins (HDPs; nonHRPs with disorder fraction >30%; n = 770). The data set was first balanced by subsampling HDPs to reach n = 650. RF hyperparameters were tuned by using ten-fold cross-validation and grid search (yielding optima: criterion = 'entropy' , max_features = 'log 2 ' , max_depth = 50).
Strains and culture conditions. Yeast genetic manipulations were performed according to standard methods 74 in the endogenous Snf5 locus in the S288c strain. Primers used for amplifications and generating strains are listed in Supplementary Table 2 . Deletion of the repeat region in the mutant (∆HR) was verified by sequencing with primers flanking the repeat region. Additionally, we created HA 6 -tagged versions of the SNF5 WT and ∆HR, from plasmid pYM14 (Euroscarf). Fresh colonies, grown at 30 °C for 3 d in solid YPD, were picked and incubated overnight in liquid YPD at 30 °C. These cells were used to start cultures that were grown overnight in YPD (YP with 2% glucose) or YPG (YP with 4% glycerol) and 30 °C, for different experiments.
Cell growth rate measurement. Using an overnight culture, we achieved an initial OD 600 of 0.001 in YPD or YPG. The growth of the cells was monitored in a Tecan 2000 pro plate reader measuring the absorbance at 600 nm every 10 min for 3 d. For budding-index measurements, 0.5 × 10 6 cells in stationary phase were re-inoculated into 5 ml of YPD or YPG, and samples were collected after the indicated time points. Samples were then analyzed with a Vi-cell analyzer, images were acquired, and mitotic cells were quantified with Fiji (ImageJ) software. Results depicted are means of 3 independent experiments for 50 fields each.
Immunofluorescence. Cells in exponential phase were fixed in 4% formaldehyde for 1 h. Spheroplasts of fixed cells (prepared in 3.2 µl of β-mercaptoethanol and 5 µl of 5 mg/ml zymolase) were permeabilized in 100 µl PBS with 0.05% Tween-20. Approximately 25 µl of this suspension was then loaded into 96-well plates and allowed to settle for 5 min. Cells were blocked in 1 mg/ml BSA in PBS for 30 min in a humid chamber. After cells were washed three times with PBS, primaryantibody cocktail (1:500 of anti-HA (05-902R, Merck Millipore) and anti-tubulin (T9026, Sigma-Aldrich)) was added and incubated for 1 h at room temperature. Subsequently, cells were washed, and secondary-antibody mix containing rabbit Alexa Fluor 555 (ab150074, Abcam) and mouse Alexa 488 (ab150113, Abcam) was added (1:1,000 in blocking solution) and incubated in the dark for 1 h. Samples were finally washed in PBS and mounted in propyl gallate solution with DAPI. Samples were stored in 4 °C until visualization. Images were acquired with an LSM710 microscope (Zeiss), and images were rendered and quantified with Imaris software (Bitplane).
Immunoblotting and immunoprecipitation analyses. Yeast cells expressing HA-tagged WT or ∆HR SNF5 grown in YPD or YPG were lysed with a glass bead beater in HEPES buffer containing 100 mM KCl, 150 mM KOAc, proteaseinhibitor cocktail and 0.1% Triton X-100. Samples were then centrifuged at 4 °C, at 10,000 r.p.m. for 10 min, and the lysate was collected. For immunoblot analysis, 30 µg of total protein from each condition was loaded on a 4-12% NuPAGE gel, and transfer was performed with an iblot 1.0 system, according to the manufacturer's instructions (Invitrogen). Primary antibodies used were anti-HA (Millipore, 1:1,000 in milk) and anti-tubulin (Sigma, 1:2,000 in milk). For immunoprecipitations, 10 mg of protein from each condition was precleared with 20 µl of agarose beads for 30 min. The precleared lysate was incubated with 50 µl of HA-tagged Dynabeads and incubated at 4 °C for 4 h, then washed four times with lysis buffer and three times with 25 mM ammonium bicarbonate. Yeast histones were extracted with the established protocol 75 and immunoblotted in a 4-20% gel.
NanoLC-MS/MS analysis.
Bead-bound proteins were digested twice by the addition of trypsin. Peptides were acidified with formic acid to a final concentration of 5% and desalted before injection. Separation was achieved with an Acclaim PepMap 100 column (C18, 3 µl, 100 Å, Thermo Scientific) with an internal diameter of 75 µm and a capillary length of 25 cm. A flow rate of 300 nl/min was used with a solvent gradient of 5% B to 45% B in 50 min followed by an increase to 95% B in 25 min. Solvent A was 0.1% formic acid, 2% MeCN and 5% DMSO (v/v) in water, and solvent B had a similar composition but contained 80% MeCN.
The mass spectrometer was operated in positive-ion mode with an nth-order double-play method to automatically switch between Orbitrap-MS and LTQ Velos-MS/MS acquisition. Survey full-scan MS spectra (from 400 to 1,600 m/z) were acquired in the Orbitrap with resolution (R) 60,000 at 400 m/z (after accumulation to a target of 1,000,000 charges in the LTQ). The method allowed for sequential isolation of the 20 most intense ions for fragmentation in the linear ion trap. Charge-state screening was enabled, and precursors with an unknown charge state or a charge state of 1 were excluded. Acquired RAW files were analyzed with the Sequest 76 and Mascot 77 search engines running under Proteome Discoverer version 1.4. The S. cerevisiae protein database used for searches was retrieved in canonical form from the UniProt Knowledge Base (as of 27 July 2014). Variable modifications included oxidized methionine residues and deamidated glutamine and asparagine. Search conditions allowed for a single missed cleavage with an MS-mode fragment tolerance of 40 p.p.m. coupled with 0.5 Da for MS/MS ions. An FDR of 1% was applied in all cases. IgG was used as a negative control. Proteins identified in IgG even with a single peptide were not considered. A minimum of three unique peptide counts in two independent experiments was required to be considered a hit (Supplementary Data Set 1) .
Interactions that were present in WT but absent in ∆HR were classified as 'polyQdependent interactions' .
Target-gene expression analysis. To examine the effect of Snf5 polyQ deletion on target-gene expression, we selected 18 functionally diverse nonessential targets with high fold changes in expression after SNF5 gene deletion, as compared with WT, in one or both of the previous studies 25, 78 Yeast cells were lysed in lithium acetate-SDS solution, and RNA was extracted with TRIzol reagent, according to the manufacturer's instructions (Life Technologies). Reverse transcription was performed with a RevertAid H Minus First Strand cDNA Synthesis Kit (Thermo Scientific). The concentration of the cDNA generated was adjusted, and qPCR was performed with SYBR Green PCR Master Mix (Life Technologies). The reactions (five replicates per gene) were performed in an Eco-Illumina qPCR thermocycler (Illumina). The measured geometric mean of three different reference genes (ALG9, TAF10 and TFC1 (ref. 
